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A power load forecasting method using cosine similarity and a graph convolutional
network
JI Shan', JIANG Wei*, JING Xin'
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2. Center of Technology and Innovation State Grid Zhejiang Electric Power Co. , Ltd. , Hangzhou 310007, China)

Abstract: To address the challenges of existing power load forecasting models, which struggle to deeply extract spa-
tiotemporal correlation features and exhibit weak generalization capabilities—failing to simultaneously manage both
short-term and long-term forecasting—this study proposes a multi-user power load forecasting method using cosine
similarity and a global-local collaborative graph convolutional network. First, cosine similarity is utilized to learn
similar patterns between load data from different nodes, allowing for the deep extraction of spatiotemporal correla-
tion features. Second, a collaborative modeling approach is applied to static global factors and dynamic local factors
that influence power load trends, enhancing the model’s generalization ability. Finally, extensive experiments on a
real-world dataset demonstrate the method’ s effectiveness and robustness in forecasting both short-term and long-
term load series.
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Fig.1 General architecture of the CS—GLGCN model
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Table 1 Comparison of short—term load series forecasting performance of six models
Him @3 @6 @12
Tmae A mdpe/ %o Trmse T ma A mape/ %o Trmse T mae A lape/ %o Trms
LSTM 37.21 12.00 53.49 48.01 15.71 69.79 50.19 19.07 76.37
CNN-LSTM 34.25 11.21 49.92 36.95 12.36 54.58 40.83 14.74 61.70
DLinear 48.81 16.30 78.48 71.42 26.49 108.96 63.23 26.52 97.486
PatchTST 48.19 16.80 75.06 71.15 27.94 101.94 73.44 28.76 104.28
GCNLS-STLF 33.84 11.02 48.70 35.51 12.08 53.97 35.90 12.39 56.58
CS-GLGCN 32.95 10.79 52.98 34.56 11.74 53.69 35.75 12.95 56.75
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Table 2 Comparison of long—term load series forecasting performance of six models
Hom @96 @192 @288
— gl % — — "ol % — — "ol % —
LSTM 52.29 17.62 80.79 56.73 18.98 86.12 57.55 19.42 87.89
CNN-LSTM 46.73 16.82 73.20 61.37 18.62 95.54 53.64 17.29 82.39
DLinear 34.91 15.27 64.72 31.93 12.11 56.09 33.32 11.84 60.06
PatchTST 35.23 16.16 63.33 31.61 11.70 54.74 32.95 11.59 58.39
GCNLS-STLF 42.63 16.47 69.90 46.79 16.91 74.36 49.81 17.15 79.63
CS-GLGCN 31.40 11.34 54.78 30.49 10.54 53.56 32.54 10.88 58.27
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Table 3 Comparison of the forecasting performance of three
variants of the CS—-GLGCN model
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